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AI raises fears

AI will create 
ǇƻŜǘǊȅΧ

Χ ŀƴŘ ǇŜƴŀƭǘȅ
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Who shouldjudgehumans?



Menschenbild
conception of man

Are humans the best 
option to judge other 
humans?



1 Danziger, S.; Levav, J. & Avnaim-PessoΣ [ΦΥ ά9ȄǘǊŀƴŜƻǳǎ ŦŀŎǘƻǊǎ ƛƴ ƧǳŘƛŎƛŀƭ ŘŜŎƛǎƛƻƴǎέΣ 
Proceedings of the National Academy of the Sciences, 2011 , 108 , 6889-6892

Mankind ς
so irrational!
ÅStudy: Judges haveto

review prisonrelease
proposalsregularly.

ÅShown: Time from last 
break reducedlikelihood
for a positive decision1.

ÅMany morestudiesseem
to show: 
ÅHumansareirrational and 

biased.



Problematic 
situation in the  
USA
ÅSecond highest 

incarceration rate 
worldwide.

Å6x higher rate of 
Afroamericansund 2x  
more of Latinos.

ÅDramatic prognosis: 
every third boy at the 
age of 10 now will be in 
prison at least once in 
his life.



American CivilLibertiesUnion

ÅAmerican civil libertiesstates:

ÅADM systemsneedto be usedin 
all stagesof the leaglprocessΣ Χ

ÅΧ to ensurefairnessand 
objectivity.

ÅTheyproposethat computer
shouldlearnthe necessary
decisionrulesfrom data. 

SMART REFORM IS POSSIBLE - States Reducing Incarceration Rates and Costs 
While Protecting Communities, Report from August 2011, p. 9



Can computerslearn?



What is learning?

Simple:

Repeat some learned behavior in some 
defined situation.

Generalized:

Choose the correct behavior from a range of 
possibilities in the same kind of situation. 



Sebastian learnsαhotά ŀƴŘ αǿŀǊƳά

Toocautious, 
eatsonly coldmeals

ToodaringNo steam, please



Sebastian 
ƭŜŀǊƴǎΧ

ÅBy feedback: 
unexpectedly hot, 
unexpectedly cold

ÅBy saving rules in some 
structure: in neurons and 
their connections.

ÅBy many data points 
(experiences).

ÅBy generalizing the 
learned rules.



Computers learn..
By givingthem a structure
for savinglearnedrules.

By givingthem feedback.

By learning.
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ά[ŜŀǊƴέ ŦǊƻƳ ŎƻǊǊŜƭŀǘƛƻƴǎ



Wages in Seattle

You have to welcome a 
new employee. Is it Mr. 
or MsMiller?

You know that the 
person gets less than 
$25/h. Is it rather Mr. 
or MsMiller?

@nettwerkerin
Prof. KA Zweig
TU Kaiserslautern
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ά[ŜŀǊƴƛƴƎέ ǿƛǘƘ {±aǎ
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Learning with formulae
Recidivismrisk
assessmentof
criminals



Data
ÅData Mining methodsuse, e.g.:
ÅAge at first arrest

ÅAge now

ÅFinancial situation

ÅCriminalrelatives (!)

ÅGender

ÅNumberand kindof previousconvictions

ÅTime point of last criminalaction

ÅA survey

ÅBut (of course) not the raceof a person.

ÅTolearnsomething, we needthis dataplus the informationwhether
the personhasrecidivatedor not.

25



Approaches: Regressions
ÅIn practice, algorithmdesignerveryoften decidewhichdatamost

likelycorrelatewithαrecidivismάΦ

ÅThe resultof the algorithmshouldbea singlenumber.

ÅThe higherthe number, the higherthe risk.

ÅExampleformula:

26



In general

27

The computerdeterminesthe weightsand getsa feedbackon its
predictionsand the actualobservationof recidivismin that individual. 



Quality of an algorithm



α[ŜŀǊƴƛƴƎά of weights

ÅAlgorithmΰtriesƻǳǘΨ weights
and computesresultingrisk
for all personsin a test data
set.

ÅEvaluteshow manyof the
real recidivistsgethigh risk
scores. 

ÅThe weightingthat
maximizesthis will be used
for all further predictions. 

29

24 13 10

Green balls: non-
recidivating
criminals; 
Redballs: 
recidivating
criminals. 

Optimal sorting: 
all redson top, all 
greenson the
bottom. 

Quality measure: 
pairsof
red/greenballs
wherered ison 
top of the green. 

R
is

k



Oregon RecidivismRate Algorithm

Å72 of 100 pairsarecorrectlysorted(72% successrate! Yeah!)

ÅDoesthis resemblethey wayjudgesmakea decision? 

ÅNo, insteadof judgingpairs, they seea sequenceof defendants, of
whichthey aremost interestedin the oneswith highestrisk. 

ÅExperience guideswhereto cut the riskscore: 
ÅE.g., recidivismrate of joungcriminalsisabout20%. 

30



Optimal Sorting

31

Expected20% recidivists



Possible sortingof an algorithmwith 75% 
correctlysortedpairs

32

Expected20% recidivists



.ǳȅƛƴƎ ǘƘŀǘ ǎƻŦǘǿŀǊŜ ƛǎ ƭƛƪŜΧ

Buyinga huntingdog , to shepherd!



Fromscoringto classification
ÅACLU states: criminalsshouldbesorted

into three categoriesΧ

ÅΧ with low, medium and high risk, 
respectively. 

10/24 = 42%

9/29 = 31%

2/37 = 5%



Statistical predictions 
of human behavior



Weather 
forecasts



40% a criminalΧΦ

ÅIf humanswerecatswith 7 lives, to havea 
40% riskof recidivismit would meanthat
they expectedlyrecidivatein three of them.

ÅBut no! Humansareno cats.

ÅAlgorithmicallylegitimated prejudices
ÅOf 100 personsthat areαƭƛƪŜ this personά пл҈ 

arerecidivating.

37
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Rule of thumb

AI isusedprimarilywherethere are no simple rules!

Theyoften searchfor patternsin highlynoisydata. 

The patternsareof a statisticalnature.

Oftentry to identify a smallgroupof people(Problem of imbalance)

38



Can algorithms discriminate people?



Equality

This iswhat happenswhenyousearchforα/9hά ƻƴ DƻƻƎƭŜ



!ƴŘ ǘƘƛǎΣ ƛŦ L ǎŜŀǊŎƘ ŦƻǊ ΨōƻǎǎΩ 
on PixabayΧΦ



Discrimination

ÅGoogle showsjob adswith a lower
averagesalaryto femalesurfers.

ÅBasedon oneperspective, 
recidivismriskassessmentis
rassistic.

ÅDiscriminationin trainingdatawill 
be learned. 

ÅIf trainingdatacontainsto little data
aboutminorities, their properties
will not be learned.



Algorithms in a democracy


